
:ombating uncertainty:A Case Study:

High Resolution Soil Water from Regional Databases
and Satellite Images

Robin D. Morris, Vadim N. Smelyanskfy
in caflab0ratirJ n ,_th

Joseph Coughlan. Jennifer Dub;an

• _efore you can combat unce_1in_y', you have fo _onestlyquanfify

the uncertainty present.

• Representing uncert._inty in terms of prob_bi/_/es is the n;Hural

framewo rk, and allows a huge body of stalisfifal tools to be readily

applied,

• {t also corresponds to what we do - "quanlified common sense ".

"Thl lh_rv ot pmbabJttles J| at bc_or_ _Jy com_n lmsi

j,oo,:EZC:Eo.,.....oo.,,oo,.... I
I moUels. 1

:ase study: nputs:

• Soil wateris often a limiting factor in plant growth.

• Ecologisls are thlreforl inlerestad in soJJ water over/a,'_e are_.

• Directlymeasuringsoiiwaterisdi_cult, involving ixtan$ive

fie_dwork and la boratoty work,

• Satellite data can be used to infer plant growth.

• Under certain circumstances, p_ant growth can be linkld to soil

water.

P--- _lli,t -

• Safellife observ,ltions

• STATSGO database

• i_1 $o_gece_p_ dlll_iN

In_ L_lg_iq _ mp_ngolive r_n

• Task iS to cef,lte AVfRIS data fo soil water _nd combine with the

STATSG O information

:robabilistic formulation:

• UnderceRaJn circumstances, plant ,_
growth fan belinkld t¢) $oJ I satelite _ata

Available Wa_lr Capacity (AWC]" _ i

• Le.f Ar_a Inde, _J_l) qu,nfifi_, j NDVI I
plant growlh.

• it_xlNOVI(non..direbrea.....'eat *_i°nalw,g*_atiOnfo_e [ _eaf area inciax ]

AVIRIS data. i

, The Leaf Area _ldex and NOVI act I soil water J
ama tate_lt v_rm_iel . linking Ihe I_p_lm
obsi_'at_on$ tO Ihe quantity ot
in|ariel.

• Start with the distribution of whet we do know (AVIRIS d;_ta),

conditional on everything we don't know (NDVI, I_At, AWC)

p(avitie I ndvi, lai. awc)

• Invert using Sayes' Theorem

• _ndvJ, lai, awc [ aviris ) = p( avids J ndvi, ]at, awe ) p(ndvi, lai, awc )

• L_k.a:thlcondit:o:al.IJd:p:nde:ce Sb_U:ture of the problem



Probabilistic formulation (cont): Sources of uncertainty:
/

• p( avirls I ndvi, lai, awe )p( ndvt, lai, awc ) /

/• gwsnndv_,zv_l dail ll _degen_rt ofl.i =rid awe

" 1_ avlris / ndvi ] p( ndvi, lai, awe ) I
• _r_l lhe romedil_ p(a=_l,Is, awe} I

• p( aviris I ndvi ) p (ndvi I lai, awc ) p( fai, awe ) I

I
• g=venle | f i_l, ndti i= _dllp_de nl0fiwc

• J_ avids _ndvi ) p( ndvl I lai ) p( III, awc ) I

I

• rewnle the _lt d/_lnbtJion p(bli_twc) /

/• p( avids I ndvi ) p( ndvi J lai ) p( lai I awe ) p( awe )

• Loo k at each term in this last sxpmss ion and assess the /

unc eft/in ty in votve d
i

• p( avins I ndvi ) p( ndvi I lai I P( lai I awe ) p( awe )

• ndviilderived directlyfromAVIRlereadandnearinfr'4-mdband$.

• nd_i - {IR - R ED)_'lR_RED)

• Cornplnld with the other terms, the uncertainty here is negligible.

• n_le on the i=ltl_e $_¢

g_m.ln= r=la mt;_ni

_ources of uncertainty (cone): Sources of uncertainty (cone):

• p( avid= I ndvi ) p( ndvi I lai ) p( tat I awc ) p( awc )

• This comes from fie|dwo rk - mee sudng L&I for a number o f plot/,

and finding the NDVI values for those plots.
• Deecvld(roma_ A_RIS _rnlIll IJ¢en st the same It's •

• Running et al (1989) hiWl the following graph:

[ .i •, The form of the curls,

'i i-_2,__! 5 i ?_ I .... ,...... ,o,,o.,th._

_ources of uncertainty (cont): ,_ources of uncertainty (cont):

• I_ aviris I ndvi ) p( ndvi I lai ) p( lai f IIW_ ) I_ s*c )

• More fieldwork, measuring LAI for a number of plots, and also

rl_l kin g laboratory melsu rements of Soil wa tel'.

• Nemlnt + Running [199B) have the da t/point/ for this graph:

'r-__"_L_L_. L_L_ L_=_____. Again, sample from p( A,B, _ I datai : i i i [

iM--L- 
l} _ _ i p(lailawcl=N(Axawc+B, erl

.... , t-_ _1!

.__ c_,_ v_,,_,,_ _ F_,=_ v,_i_=_ _ _ _,t=,x_C.i. _i_ _ l---- _-

• p( avirie I ndvi ) I_ ndvi I lii ) p( tai I |we ) p( awe )

• This is the second Iource of information -the STATSGO database

provides prior information on the dist ribuSon of AWC vllues.

map pdy_nl C:Cl_po_n_s ]_erl

A .... ing .., lh .... pling mi .... .. Ills _-_/[_,!. ! i _°4._;._=':"_'m._;_:: 'i.%'_':._.'..'_."
for thai laylr.
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Results:F3uttingitall together.

• p{ awc, lai J ndvi ) = p( ndvi [ lai ) p( lai I awc ] p( awe )

• _vhat we're really interested in is

• p( awc [ ndvi ) = jp( awc, lai i ndvi )

• This can be approximated by samplin g from p( _.wc, lai I ndvi ) and

then ignoring the lai values.

Orego n NOV!

Polygon OR149

lesults cant):_esults (cant):

Distribution of AWC from sampling,

excluding the STATSGO prior

mean lai I varian ce o f lai

-. __ ---

Further refinements:3iscussion:

• The awc distributions shown are for sampling

p( ndvi J fai ) p( lai / awe ), ie not including the prior p( awe ).

• Compare the distribution from sampling with Ihe STATSGO prior:

:I -i f_!!i........... ........
• SO the uncertainty is still on the level of the componerl ts.

J

I
I

• Improving p( ndvi I lai } and p( lai I =we ) can be done by

incorporating other types ot information, ag

• tree species,

-ags,
• tlmll silcl last cfearcut etc,

• but allot these require more f_,ldwork.

• tncludin g a spatial prior will reduce variation across the polygons.



Representing distributions using samples I/larkov chain Monte Carlo:

• We wish 1o represent p(x), and then to compute expectations

E(f(x)) = f fix)p(:,)&

• If we sample the domain of x uniformly, end compute plx)for etch

x value, than the intagrat c=n be approximated by

5(fix)) = Y(x(O)p(x(O)

• However this becomes inefficient if x is in monl tha n a flw

atmen=ions (curie of dimeneionallty)

- _ltead, if we simple from p(xi, ie concentrate the =amplea in the

high probabiltiy regions, then we can approximate the integral by

= Z fix' (i))E(f(x))
m

MCMC is a method of generating samples from p(x).

A Markov chain is a aequenca of =tales, where the probability of the next

statc depends only on the current state.

The method constructs a Markov chain that converges to the distribution

of interns t, p(x)

To do Ihls It is necaeaeP/to determine the Transition Probabilities.

The MetropoltsA/gorithm is the stmptest a chame for doing this:

• INll/Izl X tinnily
• pmpole • _w vldue x', where one ot Ibe elaine= of X is changed by d_w_g It tram •

mi( p_-ob(_l Y )
•.=._,,.,, =.... =....b _=._,,y p. - _]._)
• om*r_se m_dn mlturmnl v=4ue,z
• slom Ihe malizadonl

The realizations are an approximate sample from the posterior, from

whictl we cart compute quantttfes of interest [means, variances etc),


